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1. Introduction 
The effects of air quality on the health of 
school-children are known to be affected by 
other covariates. The most popular statistical 
models used for determining these effects are 
Poisson regressions (Mejía et al., 2010). Rather 
than model random effects at the school level 
we propose to model at the student level and to 
allow for the identification of groups of 
students who may have similar probabilities of 
a particular health outcome. We propose the 
use of a Dirichlet Process mixture of 
Generalised Linear Models (GLM) to 
probabilistically allocate students to groups for 
modelling random effects (MacEachern and 
Müller, 1998). 
 
2 Materials/Methods 
In this paper we use data regarding respiratory 
infection in preschool aged children in 
Indonesia (Sommer et al., 1984; GLM analysis 
in Zeger and Karim, 1991) which is distributed 
as part of the R library DPpackage (Jara et al., 
2011). The dataset focuses on presence (Yij = 1) 
or absence (Yij = 0) of respiratory inflammation 
in 275 children, indexed by i, most with 
repeated observations, indexed by j. We 
consider 3 covariates: current age of child 
centered at 36 months (age); height for age as a 
percentage centred at 90 (height); and presence 
of xeropthalmia (dry eyes) indicating a vitamin 
A deficiency (xero).  
 
Methodology 
The Bayesian regression model is specified in 
(1). For each child we model Yij as a Bernoulli 
outcome with probability of presence pij 
conditional on belonging to the kth group 
(denoted by si = k, where the group has a 
common mean, γk). This probability, pij, is 
determined by logistic regression on both fixed 
effects (age, height, xero) and random effect 
means for each group, γk, and each child, β0i. 
The γk are calculated via the Dirichlet process 
(DP), a stochastic process for allocating a finite 
number of elements to an unknown number of 
clusters (Ferguson, 1973). Uninformative 
N(0,1000) priors are used for the fixed and 
random effects. The model is fit with 
dpglmm() in DPpackage. We will draw 15000 
samples from the parameters’ posterior 
distributions, discarding the first 5000 as burn 
in. 
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The labels from the DP will be reordered by to 
group size, having chosen the grouping which 
maximises the PEAR index (Fritsch and 
Ickstadt, 2009).  We use a Gamma(2,2) prior 
for the concentration parameter of the DP, α, 
such that it has a mean of 1 but is allowed to 
vary (Escobar and West, 1995). 
 
3 Results and discussion 
Table 1. Estimates of fixed effect coefficients, 
concentration parameter (α) the number of 
clusters (ncluster) and the corresponding 95% 
regions of highest posterior density. 
 Mean Median S dev 2.5% 97.5% 
age -0.033 -0.033 0.007 -0.046 -0.019 
height -0.051 -0.051 0.021 -0.095 -0.010 
xero 0.522 0.537 0.459 -0.389 1.361 
alpha 1.249 1.112 0.746 0.107 2.691 
ncluster 7.622 7 3.706 1 14 
intercept -2.507 -2.492 0.169 -2.829 -2.191 
 
The parameter estimates obtained (Table 1) are 
consistent with those reported by Zeger and 
Karim (1991) and show that probability of 
respiratory infection decreases with age and 
with height. As zero is contained within the 
95% highest posterior density of the coefficient 
for xeropthalmia, it can be said to have 
relatively little appreciable effect after 
accounting for the other terms in the model. 
Applying the inverse logit transformation to 
the summary statistics of the intercept gives a 
baseline probability of a child in this study 
having a respiratory infection between 0.056 
and 0.101 with probability 95%. 
 
Table 2. Number of children in each group 
without (0) and with (1) respiratory infection. 
infect 1 2 3 4 5 6 7 8 
0 209 14 9 7 6 3 2 0 
1 11 7 2 2 1 1 0 1 
total 220 21 11 9 7 4 2 1 
 
Table 2 shows the number of children with and 
without respiratory infection. We see the 
uninfected children are spread out across all 
groups, except groups 7 and 8 which contain 
only two and one children respectively. 
 
The random intercept for each child is 
distributed about their group mean, γk, (Figure 
1), representing the baseline probability of 
respiratory infection in that group. The 
variance is shared by all observations through 
the base measure of the DP. The grouping is 
not influenced by the covariates so we do not 
expect to see any grouping of covariate values. 
 
 
Figure 1. Mean of the combined random effect 
term (group mean plus child mean) for each 
child, represented by group label (except group 
1, represented by a dot).  
 
Omitting the random effects makes a strong 
assumption that all children have the same 
baseline probability of respiratory infection 
and the clustering would not be possible. The 
DP has allowed us to identify grouping via the 
random effects while fitting the model rather 
than looking for them post hoc. 
 
5 Conclusions 
The method described here is applicable to a 
broad range of survey and measurement 
designs due to the flexibility of the mixed 
effects structure of the GLMM. This model 
will be applied to similar data including air 
quality measurements as a covariate. 
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